Competition among e-businesses has become ever more fierce as electronic commerce is gaining wide acceptance. Meanwhile, effectively collecting and analysing competitive intelligence has challenged researchers and practitioners. This research proposed and validated a new methodology for developing competitive intelligence tools to support e-business stakeholder analysis. We developed a prototype that supports collecting, analysing, and visualising stakeholder Web pages and relationships. Experimental results show that the prototype significantly outperformed a traditional method of stakeholder analysis in terms of user satisfaction and effectiveness on certain task types. This research thus provides a useful methodology and new empirical findings for e-business stakeholder analysis.
Introduction
As the internet is gaining acceptance among the general public for buying and selling, competition among e-businesses has become ever more fierce. A study finds that about 25 million people (or 17% of internet users) in the USA have sold things online (Lenhart, 2005) . Visits to classified advertisement Websites have grown by 80% in the year 2005. To stay competitive, e-businesses must be able to monitor their environment effectively, to identify potential threats efficiently, and to devise timely competitive strategies (Blenkhorn and Fleisher, 2005) . As the information useful to these functions is often scattered in the Websites of stakeholders, effectively collecting and analysing this information can be valuable to e-business managers and analysts. A stakeholder is an individual or organisation who affects or is affected by the accomplishment of the e-business's objectives (Freeman, 1984) . Traditionally, significant manual efforts are needed to obtain this information by using interview, searching for published and unpublished documents, monitoring news sources, and observing competitors' movements. In recent years, the internet has become a major platform for sharing stakeholder information. While it is nowadays easy to collect a large amount of stakeholder information on the Web, it has become increasingly difficult to analyse and to understand such voluminous information due to information overload and the interconnected nature of the Web. Unfortunately, a traditional manual approach to collecting and analysing stakeholder information cannot scale up to accommodate the rapid growth of the Web.
In this paper, we describe a new methodology for developing Competitive Intelligence (CI) tools to support e-business stakeholder analysis and report empirical findings of evaluating a visualisation prototype to support e-business stakeholder analysis. Developed based on the methodology, the prototype combines Information Retrieval (IR) and visualisation techniques with human domain knowledge. We conducted an experiment with both business practitioners and student users to study the prototype's performance in comparison with a traditional method of stakeholder analysis. The goals in this work were to advance the research and practice of e-business stakeholder analysis and to provide new findings of the real-world impact of information visualisation on supporting such analysis.
Literature review
Competitive Intelligence (CI) tools enable organisations to understand their internal and external environments through systematic acquisition, collation, analysis, interpretation and exploitation of stakeholder information (Davies, 2002) . A major consultant in competitive analysis, (Fuld and Singh, 2005) found that the global interest in CI technology has increased significantly in recent years. In this section, we review the areas of stakeholder research, its implications on e-business competitive analysis, existing CI tools, and advanced IR and visualisation technologies that can support competitive analysis.
Stakeholder research
Stakeholder research originates from the study of firms that has evolved over the past centuries (Barnard, 1938; Berle and Means, 1932; Smith, 1759) . The term 'stakeholder' refers to any individuals or organisations that affect or are affected by the accomplishment of the firm's objectives (Freeman, 1984) . Examples of stakeholders include customers, suppliers, government agencies, the general public, financial institutions, and trade associations. In his highly influential book, Freeman (1984) argued that firms should attend to the interests of all their stakeholders rather than just the shareholders. After his seminal work, researchers further enrich the field by providing theoretical and empirical findings. Clarkson (1995) proposed a framework for analysing and evaluating corporate social performance and summarised a list of typical stakeholder issues. Having mainly been conducted in the 1980s, Clarkson's work does not consider more complex relationships (such as global business networking (Parkhe et al., 2006) ) in e-businesses that emerged in the mid-1990s. Mitchell et al. (1997) proposed a stakeholder typology that identifies stakeholders by combinations of stakeholder attributes (power, legitimacy, urgency) . They hypothesised that stakeholder salience increases with the number of attributes that the stakeholder possesses. However, it does not provide a practical system for analysing voluminous information of today's e-business stakeholders, which may take the form of virtual internet communities or Web portals (Reid, 2003) . These traditional stakeholder analysis approaches provide theoretical insights into e-business analysis but fall short of supporting scalable system development for monitoring the competitive environment.
Advances in electronic commerce in recent years have transformed the landscape of business environment. Stakeholders who previously could not affect a firm can now interact with the firm through the internet. Existing stakeholder theories are limited in the way they accommodate new information technologies. For example, Jawahar and McLaughlin (2001) concluded that their descriptive stakeholder theory might be applicable to only traditional businesses but not organisations conducting electronic commerce. These theories and frameworks may need to be augmented by Web-based, automatic approaches to environmental scanning, information collection, and stakeholder analysis. In particular, CI obtained from the business environment can provide valuable information for stakeholder analysis. Automated tools have been developed to exploit CI.
Competitive Intelligence (CI) tools
Competitive Intelligence (CI) is a systematic and ethical program for gathering and analysing information about competitors' and stakeholders' activities and general business trends to further the company's goals (Kahaner, 1996) . According to results of a survey of 520 CI professionals working in 12 industries, CI has gained awareness and visibility in many organisations (Fehringer et al., 2006) . Most of these professionals consider company employees, the internet, and online and print publications to be the most important sources of CI. While much information can be obtained from people, software tools that support the CI process can help collect and analyse business information. Two classes of these tools have been defined (Carvalho and Ferreira, 2001 ). The first class of these, also known as Business Intelligence (BI) tools, is used to manipulate massive operational data and to extract essential business information from them, where BI is defined as the product of acquisition, collation, interpretation, analysis, and exploitation of business information (Chung et al., 2005b) . Examples of BI tools include decision support systems, executive information systems, online-analytical processing (OLAP), data warehouses, and data mining systems that are built upon database management systems to reveal hidden trends and patterns (Choo, 1998) . The second class of tools aims at systematically collecting and analysing information from the business environment and stakeholders to assist in organisational decision making. They mainly gather information from public sources such as the Web. Researchers have studied ways to incorporate search and analysis functionality into these tools (e.g., Chau et al., 2007; Chen et al., 2002; Chung et al., 2005b) . Fuld and Singh (2005) have conducted annual surveys on intelligence software and found in recent years significant technological improvements among CI tools. Most of the 219 respondents in Fuld's survey considered a key strength of CI tools to be W. Chung their ability to collect information, although 30% of all respondents criticised these tools for their lack of added-value and for consuming too much time. While searching information is a major function of CI tools, enterprise BI systems have started incorporating new functionalities and the BI market is predicted to grow significantly. For example, BI vendors Cognos, Information Builders, and SAS are working with Google to use the Google OneBox with their BI systems (Lawton, 2006) . Oracle has acquired Hyperion to expand its capability in financial performance reporting (Sorkin and de la Merced, 2007) . Market research firm IDC predicts that BI's popularity will increase significantly faster than the previous 15 years. Many companies are increasing their investments in BI tools and software (Weier and Smith, 2007) . Incorporating searching and text analysis capabilities in BI systems can expand access to unstructured data in addition to structured data (Robb, 2007) . However, developing such applications is non-trivial and tools that support e-business stakeholder analysis are not widely available. More challenging functions are to extract from unstructured data meaningful patterns and to visualise these patterns using intuitive metaphors that are pleasing to human eyes. These functions have the potential to further enhance the capabilities of CI and BI tools, as revealed in the trends of the field. Among the five new trends identified by the Society of CI Professionals, three prominent challenges are network analysis, visualisation, and visual representation of data (SCIP, 2007) . In recent years, IR and visualisation technologies emerge as potential solutions to these challenges (Gregg and Walczak, 2006; Srivastava and Cooley, 2003) . They promise to advance the field by integrating advanced information technologies into e-business stakeholder analysis.
Advanced Information Retrieval (IR) and visualisation technologies
Information Retrieval (IR) technologies are concerned with the collection, extraction, and summarisation of textual information from documents (van Rijsbergen, 1979) . In the context of e-business analysis, IR technologies are applied in the field of Web mining, which uses data mining and machine learning techniques to discover and extract information automatically from Web documents and services (Chung and Chen, 2007) . Three categories of Web mining have been identified (Kosala and Blockeel, 2000) . Web content mining helps to discover useful information from Web textual and multimedia contents (e.g., Chen et al., 1996; Hurst, 2001; Schatz, 2002) . Web structure mining is the analysis of link structures that model the Web (e.g., Brin and Page, 1998; Henzinger and Lawrence, 2004; Kleinberg, 1999) . Web usage mining studies techniques that can predict user behaviour while the user interacts with the Web (e.g., Adomavicius and Tuzhilin, 2001; Pazzani, 1999) . As e-businesses increasingly use the Web to share information in the forms of textual Web pages and hyperlinks, mining the textual and structural content of the Web has the potential to assist in analysis of the complex business Website content and structural relationships among sites, leading to more effective and efficient discovery of hidden relationships. Although there has been research on intelligent Web technologies (e.g., Zhong et al., 2003) in recent years, it seldom addresses the need for analysing and discovering intelligence from e-businesses (Negash, 2004) .
Information visualisation technologies can be used to summarise a large amount of data onto a two-dimensional display format, such as map, hierarchy, or network (Shneiderman, 1996) , thus helping to alleviate information overload on the Web.
As stakeholders form multilateral relationships in their dealing with an e-business, portraying such relationships on a network could potentially help business analysts to understand the complicated relationships on the Web.
The visualisation of networks has its origin in sociology and anthropology where researchers analyse the behaviours of social actors, modelled as nodes and their relationships modelled as links (Freeman, 2001) . These nodes and links form social networks that allow identification of patterns and analysis of their structural properties. Recent research has applied social network analysis to different domains. Having observed the rise of network forms of terrorism organisations and strategies, Arquilla and Ronfeldt (2001) describe the trend as 'netwar' -an emerging model of conflict in which terrorists use network forms of organisation and exploit information technology. Krebs (2001) relied on open source data to study the terrorist network centering around the 19 hijackers in the 9/11 attacks and identified the chief leaders of the network. Xu and Chen (2005) employed hierarchical clustering, multidimensional scaling, and social network analysis techniques to automate criminal network analysis and found that their system could help detect subgroups in criminal networks more efficiently than did untrained subjects. Höpner and Krempel (2003) used network visualisation techniques and qualitative-historical analysis to discuss the structure, origins and development of a German company network and to analyse the reasons for its recent erosion. The network approaches discussed above help understanding the status and evolution of networks. However, they tend to rely on clearly-defined links (such as criminal records and company financial transactions) that cannot be identified easily in complicated relationships among e-business stakeholders. Moreover, none of these approaches have been applied to stakeholder analysis, although much theoretical work has been done (e.g., Clarkson, 1995; Donaldson and Preston, 1995; Jawahar and McLaughlin, 2001; Mitchell et al., 1997) .
A methodology for developing e-business CI tools
Our review shows that business networks and networked organisations have been widely used and studied in recent years. Visual representation of networks hold the promise of supporting managerial decision making and providing insights to CI and marketing analyses (Lurie and Mason, 2007) . But network visualisation and analysis approaches have not been widely applied to e-business stakeholder analysis. Unfortunately, related research is scarce (Negash, 2004) . Therefore, a methodology for designing CI tools to support advanced analysis and visualisation of stakeholder networks on the Web would be valuable to researchers, system developers, and business practitioners. The tools developed based on such a methodology would help automate a significant part of the environmental scanning and intelligence gathering tasks. To address these challenges, this research proposed a generic methodology to developing CI tools for e-business stakeholder analysis.
Our proposed methodology consists of three steps: intelligence gathering, entity extraction and indexing, and relationship analysis and visualisation (see Figure 1 ). Input to and output from the methodology are, respectively, Web data and CI discovered after applying the steps. Each step allows human knowledge to guide the application of techniques. The processed results include entities and indexes (text and link repository) obtained from Web pages and a stakeholder network constructed based on relationships extracted from the entities and indexes. The two arrows (of opposite directions) shown below the second and third steps indicate that output of a step becomes the input of the next step. As we move from left to right of these results, the degree of context and the difficulty to detect noise in the results increase. A CI tool can be developed to display the stakeholder network constructed by the methodology, of which the steps are explained below. 
Intelligence gathering
The purpose of this step is to gather relevant data from the Web to develop a collection of business Web pages. From these pages, we obtain several types of data: textual content (the text that can be seen on a Web browser), hyperlinks (embedded behind anchor text), and structural content (textual mark-up tags that indicate the types of content on the pages).
To collect these data, meta-searching/meta-spidering, domain spidering, and link searching/spidering are used. Meta-searching/spidering uses keywords as inputs to search multiple Web search engines to collate a set of results (URL links) ranked among the top-ranked results in each engine. These keywords can be identified by human experts or by reviewing related literature. The process follows the links of the results and downloads appropriate Web pages for further processing. Domain spidering uses a set of seed URLs (provided by experts or identified in reputable sources) as starting pages. A crawler follows links in these pages to fetch pages automatically. Oftentimes, a breadth-first search strategy is used by the crawler because it generally provides good coverage of resources on the topic being studied. Link searching/spidering uses URL links as inputs to some search engines that support searching for Web pages containing these links in their content. For example, a user inputs the link 'www.nytimes.com' to a search engine that returns other Web pages having hyperlinks referencing The New York Times Website. Google performs such a search when the input link is preceded by a 'link:' directive. Similarly to meta-spidering, the process of link-spidering follows the links of the results and downloads the Web pages. The result of this step is a collection of Web pages and documents that may contain much noisy data.
Entity extraction and indexing
This step aims to extract entities and to index these entities automatically for relationship analysis and visualisation. Parsing tries to obtain the structure of the content of Web page from which entities are extracted. For example, an HTML page uses tags to indicate such different types of Web content as headings, tables, and meta-data. Indexing is the process of extracting terms (words or phrases) from textual documents and associating these terms to the documents. A list of stop words is typically used to remove non-semantic terms (e.g., 'of', 'the', 'a'), which can be identified in the literature (e.g., van Rijsbergen, 1979) . Link extraction identifies hyperlinks within Web pages. Anchor texts of these links are often extracted to provide further details about the linkage relationships. Lexical or syntactic entities can be extracted to provide richer context of the Web pages. An example of a lexical entity is a company name (e.g., 'Siebel', 'ClearForest') appearing on a Web page. The results of this step are entities (e.g., terms and hyperlinks) and indexes (e.g., indicating which terms appear on which pages, showing the stakeholder relationship between a business and its partner). They provide more contextual information to users by showing the relationships among entities. Noise in data is reduced significantly from the previous step.
Relationship analysis and visualisation
The entities and indexes extracted from the previous step can be further analysed and visualised to discover CI or previously hidden patterns. Similarity analysis identifies frequently occurring entities in Web pages. Pairwise comparison between pages is often performed to produce a similarity matrix. Textual content and hyperlink information can be used in calculating similarity among Web pages. Classification helps analysts to categorise Web pages into predefined classes so as to facilitate understanding of individual or an entire set of pages. For example, a business analyst can classify Web pages into different types of stakeholder to facilitate understanding of the competitive environment. Automatic classification also has been studied in previous research (Glover et al., 2002; Kwon and Lee, 2003; Lee et al., 2002) . To graphically present a high-level overview of the analysis results, information visualisation appears to be a promising approach. Spatial assignment is the process of assigning Web pages (or other entities) as nodes on a two-dimensional space (e.g., a network or a map), allowing analysts to study relationships among these pages. Often, the distances among the nodes are used to reflect similarity among the pages. For example, multidimensional scaling has been used to visualise large numbers of documents and Web pages (Eom and Farris, 1996; He and Hui, 2002) . Network formation is an advanced form of visualisation in which both nodes representing entities and links among these entities are presented. These links are formed based on similarity analysis of the entities (e.g., Web pages) and the type of relationship between a pair of entities. The results of this step include similarity scores among entities, networks, maps, and classes assigned to different entities. They can be perceived analytically and graphically, supporting the understanding of large amount of information. New CI tools can be developed by showing these results on their user interfaces.
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Stakeholder Network Visualiser (SNV)
Based on the proposed methodology, we have designed and developed a new CI tool called Stakeholder Network Visualiser (SNV) that aimed to facilitate understanding of the networked relationships among business stakeholders. To study the feasibility and usability of the prototype, we have developed a research test bed consisting of Web pages of companies in the knowledge management systems market. In this section, we describe the collection of relevant Web pages, the development of SNV, and the way SNV was applied to visualising business stakeholder information.
Step 1: Intelligence gathering
The research data consists of Web pages of business stakeholders of the top 100 knowledge management companies identified by the Knowledge Management World (KM World) Website. KM World (http://www.kmworld.com/) is a major Web portal providing news, publications, online resources, and solutions to more than 51,000 subscribers in the knowledge management systems market. To identify such stakeholders, we used the back link search function of the Google search engine (http://www.google.com/) to search for Web pages having hyperlinks pointing to the companies' Websites. This method has been successfully used to analyse the non-customer online communities of a company (Reid, 2003) . To illustrate the method, we can type 'link:www.siebel.com' in Google's search box to find the Web pages pointing to Siebel's Website (the host company). According to Ingwersen (1998) , the external-link pages can be seen to mirror social communication phenomena, such as strategic or tactical referral behaviour, and pragmatic or common semantic interest in particular sites on the Web. Therefore, a relationship exists between Siebel and the results because the hyperlinks imply underlying stakeholder relations with the enterprise. For each host company, we considered only the first 100 results returned from Google in order to limit the scope of analysis. To create a diversified set of stakeholders, we removed results that came from the same host company (i.e., self links) and used only the first result if more than one result came from the same Website (by recognising the domain name of the results' URLs). After filtering, we obtained 3,713 results in total. On average, we identified 37 stakeholders for each host company. Among the stakeholder pages of the 100 companies, we randomly selected the stakeholder pages of nine companies, listed in Table 1 , for creating stakeholder networks. These companies were sampled randomly to limit the scope of analysis while still preserving the characteristics of all the 100 companies.
Step 2: Entity extraction and indexing
The Web pages of these stakeholders were automatically spidered, parsed, and indexed to extract textual terms and hyperlinks. Each Web page was represented as a feature vector of words (a bag of words) and hyperlinks. We used a list of 462 stop words to remove non-semantic terms. Pages were filtered out if
• hyperlinks of host companies did not exist in the pages
• they contained too little text (fewer than 20 words), or
• they mainly contained non-English content.
After filtering, 283 Web pages were stored in our database for analysis. Each stakeholder page was then manually classified by a CI expert into one of 11 types (e.g., partners/suppliers/sponsor, customers, employees, shareholders, government, competitors, media/reviewer) based on a modified stakeholder typology adapted from (Reid, 2003) . Using this typology, the expert assigned a stakeholder type to each page that was later used in the experiment to inform subjects about the types to which stakeholder Web pages belonged. The expert has over 30 years of information systems experience in the areas of competitive intelligence, systems analysis, and information management and holds doctoral and masters degrees in information science and management.
Step 3: Relationship analysis and visualisation
To analyse and visualise the relationships among stakeholder pages, we performed similarity analysis, stakeholder placement using multidimensional scaling, and network formation. The terms and hyperlinks extracted from the pages indexed in the previous step were used to calculate a similarity score between each pair of Web pages based on the textual content and Web page structural information. Such calculation considered both the content and structure of the Web and was consistent with research work in Web content and structure mining (Kleinberg, 1999; Kosala and Blockeel, 2000) . It also extended previous work (He et al., 2001 ) by considering all the three possible components, namely, textual content, hyperlinks, and co-citation information, in Web content and Web structure. We used the following formula to calculate a value ranging from 0 to 1 as the similarity (W ij ) between any two pages (i and j):
where A, S, and C are matrices for A ij , S ij , and C ij respectively. α and β are parameters between 0 and 1, and 0 ≤ α + β ≤ 1 (A ij = 1 if site i has a hyperlink referencing site j, A ij = 0 otherwise; C ij = number of Web pages referencing both page i and page j (co-citation matrix); S ij = Asymmetric similarity score between page i and page j (Chen and Lynch, 1992) . 
tf ij : number of occurrence of term j in Web page i df j : number of Web pages containing term j.
Intuitively, the similarity calculation tried to assign a high similarity score to a pair of Web pages that have similar textual terms, are referencing each other via hyperlinks, and have many other Web pages referencing them together. Based on empirical testing, we chose the parameters of α and β in equation (1) to be 0.2 and 0.7 respectively. These weighs reflected the fact that most materials on the stakeholder Web pages contain textual content. Hyperlinks were the next most frequently used medium on these pages, which were co-cited sparingly, leading to a low weight assigned to co-citation information. In general, α is high when Web pages are highly referenced via hyperlinks, β is high when common terms are used and can help to distinguish among different stakeholders, and both α and β are low when many Web pages beyond the set of the stakeholder pages cite the stakeholder pages frequently while few common terms and hyperlinks exist among the stakeholder pages. The relationships among stakeholder pages were then represented by networks in which nodes representing stakeholders were placed on a two-dimensional space using multidimensional scaling visualisation, which provided a high-level picture of all the stakeholders and their relationships. We used Multidimensional Scaling (MDS) to transform a high-dimensional similarity matrix to a set of two-dimensional coordinates (Young, 1987) , where proximity between the nodes reflects similarity. While other visualisation techniques might have been applicable, we chose MDS because it was suitable for the current data structure and provided a vivid picture summarising stakeholders' relationships. We used Torgerson's classical MDS procedure which does not require iterative improvement (Torgerson, 1952) . First, the similarity matrix was converted to a dissimilarity matrix, D, showing the distances among nodes. Then, we calculated the scalar products using the cosine law and obtain matrix B, in which each element of B is given by 2 2 2 2 2 1 1 1 1
where d ij is an element in D and n is the number of nodes in the network. Next, we performed a singular value decomposition on B and obtained the nodes' two-dimensional coordinates by using the first two columns of X calculated in the formulae
, where U has eigenvectors in its columns and V has eigenvectors on its diagonal. These coordinates preserved the similarity of the nodes so that the proximity between nodes reflects their similarity.
Figure 2(a) shows the front-end interface of the prototype, SNV, which displays a main menu showing the names of nine companies in the knowledge management systems market (see Table 1 ). The target users of SNV are business analysts, managers, researchers, CI specialists, and consultants. Their daily work includes analysing business environment, identifying business stakeholders, studying their relationship with the company, prioritising efforts in serving these stakeholders, and reporting their findings in textual and graphical formats, such as charts, networks, and figures. A user can click on one of these companies to choose the stakeholder network to be displayed. Then the user can click the 'Stakeholder Network' tab to view the network. Figure 2 (b) shows a network created using the aforementioned approach. The links of the network represent similarity linkages among stakeholders. These linkages were assigned weights same as the similarity scores calculated above. In the network, the stakeholders of ClearForest appear as nodes and the lines connect pairs of similar nodes. A user can click on a node to display the title, summary, and URL of that stakeholder in the box below the network. By clicking and dragging a highlighted node, the user can move that node to a different location within the network and the links connected to that node will be moved accordingly. This movement allows the user to view some parts with a large number of nodes more clearly. The user also can click a number of buttons and objects to help navigate the network. The 'highlight' button allows the user to drag the mouse cursor to zoom in a rectangular portion of the network (see Figure 2(c) ). When clicked, the 'Open Site' button will open the Web page of the selected stakeholder on a new pop-up window. The user can choose to display or hide the names of stakeholders and the weights of links by clicking the 'Name' and 'Weight' buttons respectively. To prevent the network from being too cluttered, we displayed only the 200 links with the highest similarity weights. The abstraction slider below the buttons can adjust the links and their connected nodes displayed on the networks (see Figure 2(d) ). A zero abstraction (slider adjusted to the left side) means all links are displayed while a high abstraction (slider adjusted to the right side) will hide links (and its connected nodes) with weights lower than that abstraction.
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Figure 2 Screen shots of Stakeholder Network Visualiser
Evaluation methodology
To study the performance level of the prototype in supporting e-business stakeholder analysis, we conducted an experiment comparing SNV with a traditional method of stakeholder analysis, in which human subjects were provided with textual lists of stakeholders (shown on a computer screen) of the companies shown in Table 1 and were allowed to use computers to search and browse any Websites or search engines. We invited both student and business practitioners to participate voluntarily as subjects in the experiment. In the following, we describe the experimental design, hypothesis testing, and performance measures.
Experimental design
We employed a de-featuring approach (Morse and Lewis, 2000) in our experimental design because it can be tailored to a specific domain (such as BI analysis) and it has been applied to evaluating systems capable of supporting a variety of visual tasks (Zhou and Feiner, 1998) . Based on the attributes of our prototype and the nature of intelligence analysis tasks used in a previous study (Chung et al., 2005a) , we designed different types of experimental tasks that focused on the functions of comparing, ranking, and clustering. A 'compare' task required a subject to identify two or more objects (e.g., stakeholders) and to compare them based on some specific criteria. An example is "Identify the stakeholders named "Autonomy (Powered by Genesys Conferencing)" and 'California Computer'. Which one has more connections with other stakeholders?" A 'rank' task required a user to arrange objects in a certain order to show the best or the worst cases. For example, a subject may be asked to rank a number of stakeholders in descending order of the strength of their relationship with another stakeholder. A 'cluster' task required a user to group objects according to certain attributes. For instance, a subject may be asked to find other stakeholders who were closely related to and formed a cluster with a specified stakeholder. Other types of CI tasks, although performed occasionally, were not selected because the above-mentioned three are most common and more than three task types would likely lengthen the experiment undesirably. A CI expert verified that all the tasks used in this experiment were appropriate business analysis tasks. This expert is the CEO of two publicly-traded companies in North America and had over 26 years' experience in business development, raising capital, negotiations, finance, and strategic planning. He was Vice President of Business Development for the Gallup Organisation (a leading market research firm). The answers of the tasks were verified by this expert to be correct and were used in judging the performance of the two methods.
To achieve both internal and external validity in the experiment, we invited both business practitioners and students to serve as subjects. Results from these two groups of subjects were analysed separately. In the student group, 47 undergraduate students of a senior-level database management class at a university in the USA participated as volunteer subjects. In the practitioner group, 15 business practitioners who were enrolled in a part-time MBA program served as volunteer subjects. Having an average of 8.1 years' working experience, these subjects represented such business professionals as IT managers, e-commerce CEO, project leader, trade compliance specialist, business coordinator, lab managers, production engineering supervisor, and so on. Each subject used SNV and a traditional method of CI analysis to perform the assigned experimental tasks.
In the one-hour experiment, we introduced the two methods (SNV and the traditional method) to each subject and randomly assigned two different sets of tasks to evaluate the methods in two sections. Instructions in verbal and written forms were given to each subject. When using the traditional method, the subject was given a list of stakeholders (shown on screen) and a computer with internet connection to search and browse stakeholder Web pages. The subject could search other Websites (based on their own knowledge) when needed. This method mimicked the way a CI analyst searches and browses business Websites (e.g., Yahoo! Finance, Google) for stakeholder information. When using SNV, the subject used only the tool to study stakeholder information. In each section, the subject was shown a sample scenario to learn how a method was used and was asked to work on a total of three tasks (compare, rank, and cluster). The two companies appearing in the two sections were Sitescape and Autonomy that were randomly selected from the list of companies shown in Table 1 . The order in which the methods were used in the two sections was randomly assigned to avoid bias owing to sequence of use. Each subject provided in a post-section questionnaire ratings of user satisfaction on the method right after using it. After finishing the two sections, a subject filled in a post-study questionnaire to provide demographic information, which was kept confidential in accordance with the Institutional Review Board Guidebook (Penslar, 2001) .
Hypothesis setting
Because SNV was designed and developed based on a comprehensive methodology that encompasses collection, extraction, analysis, and visualisation of business information, we anticipated that SNV would provide higher quality of CI and higher usability in different task types, and would obtain more favourable comments from users than those of the traditional method. Therefore, we established the following hypotheses.
H1: SNV achieves a higher effectiveness than a traditional method in 'compare' tasks.
H2: SNV achieves a higher effectiveness than a traditional method in 'rank' tasks.
H3: SNV achieves a higher effectiveness than a traditional method in 'cluster' tasks.
H4: SNV users experience a higher overall satisfaction than users of a traditional method.
To test H1-H3, we compared the performances of the two methods in the three types of tasks. To test H4, we compared subjects' ratings on the aforementioned aspects.
Performance measures
We measured the effectiveness of a method by the following formulae: Accuracy was used to measure the effectiveness of performing a 'compare' task and a 'rank' task, in which a subject's answers were evaluated by the proportion that they were correct. For example, if a subject ranked two of four stakeholders correctly in a 'rank' task, then the effectiveness was 0.5. In a 'cluster' task, a subject could provide as many answers as he or she wanted. To capture the degree of precision that the subject answered the question and the accuracy in the subject's answers, we used precision and recall to measure the effectiveness. For instance, if a subject provided four stakeholders' names as answers and three of them were correct, then the precision was 0.75 (= 3/4). If there were actually five stakeholders' names in the set of correct answers, then the recall was 0.6 (= 3/5). F-value was used to balance recall and precision simultaneously (Shaw et al., 1997) , reflecting the harmonic average of the two measures. The subjects provided satisfaction ratings on a seven-point Likert scale.
Experimental results and discussions
In this section, we report and discuss the experimental results. Table 2 summarises the means and standard deviations of various performance measures. Table 3 shows the p-values and results of testing various hypotheses using pairwise t-tests on the sample means. Table 4 summarises subjects' demographic profiles. (2) Bachelor earned (11), master earned (4) Age range 
Effectiveness of the methods
SNV achieved a higher effectiveness than the traditional method in all the three tasks across the two subjects groups. However, not all these differences in effectiveness were significant. In the 'compare' task, SNV achieved a significantly higher accuracy only in the student group ( p = 0.006) but not the practitioner group ( p = 0.104). We believe that the practitioner subjects had a larger variation in business knowledge and experience than the student subjects, causing some deviations from the correct answer and hence the insignificant results. In the 'rank' task, the accuracies achieved by the two methods were not significantly different. In particular, the p-value in the 'compare' task ( p = 0.104) and in the 'rank' task ( p = 0.511) for the practitioner group were much higher than the 0.05 alpha-error level, indicating that, by using SNV in those tasks, the business practitioners achieved an effectiveness comparable to that of using the traditional method. The insignificant accuracies in the 'rank' task might be attributed to the more details provided by the traditional method, where the Web pages and additional Web searching could support fine-grain comparison and contrast of stakeholders. In addition, we believe that subjects in the practitioner group were more knowledgeable of internet resources that could help in their task performance, and hence the insignificant differences in accuracies in both 'compare' and 'rank' tasks in that group. In the 'cluster' task, SNV achieved significantly higher precision, recall, and F value in both student and practitioner groups ( p < 0.05). We believe that SNV's capabilities to summarise large amounts of stakeholder information and to present such information in a meaningful network format helped the subjects to obtain more precise and relevant answers to the tasks. From these results, we conclude that H3 was supported and H1 was partially supported, while H2 was not supported. Furthermore, we observed that the subjects spent less time on average completing the tasks by using SNV (students: 15 min; practitioners: 11 min) than the traditional method (students: 28 min; practitioners: 22 min), showing that SNV helped to save users' time in analysis.
User satisfaction
The mean rating of SNV on user satisfaction was significantly better than that of the traditional method, showing a high usability of SNV in supporting e-business stakeholder analysis. In particular, SNV obtained very favourable ratings with large mean differences of 1.98 and 2.77 in the student and practitioner groups respectively ( p-values = 0.000 in both groups). Moreover, we have asked the subjects to indicate their agreement levels on three statements describing the approach. Table 5 summarises these ratings and shows that both subject groups agreed strongly that the approach would be needed, would benefit e-business stakeholder analysis, and would save the time of business analysts. These encouraging results demonstrate a high possibility that the approach and SNV would be very useful in real-world e-business stakeholder analysis. The large differences in user satisfaction ratings between the two methods reflected a strong preference toward a user-friendly and visually-pleasing method such as SNV. We conclude that H4 was supported. An automatic approach to business stakeholder network visualisation will help business analysts to understand business relationships on the Web 1.9 1.1 2.2 1.6
An automatic approach to business stakeholder network visualisation will save the time of business analysts 1.9 1.1 1.7 1.5
The range of rating is from 1 to 7, with 1 meaning 'strongly agree' and 7 meaning 'strongly disagree.
Discussions and implications
The encouraging results from our experiment demonstrate the high usability of SNV as well as the methodology used to design and develop the tool. We believe that the tool's comprehensiveness in information collection, and useful functionality for CI analysis and visualisation contributed to the results. These important components can be helpful to users who need to obtain CI from widely scattered information sources on the Web and to analyse complicated stakeholder relationships appearing in a multitude of Websites. Given the importance of internet in today's global economy, this research has shed light on research and practice about collecting and analysing CI on the Web.
In view of the recent challenges of network analysis and visualisation in the CI field (SCIP, 2007) and the lack of integration of IT into traditional stakeholder theories and frameworks (Jawahar and McLaughlin, 2001) , this research provides a new methodology and empirical findings related to the study of e-business stakeholder analysis. Rapidly emerging issues such as CI tool design, use of network analysis and information visualisation in CI analysis, and user perception of different stakeholder analysis methods have been explored in this study. New findings from the experiment will contribute to such disciplines as CI analysis, e-business research, and information visualisation.
On the practical side, managers and CI practitioners will likely benefit from our approach to analysing and visualising business stakeholders, which may be scattered in different geographic regions connected by the Web. Instead of using a traditional approach to collecting and analysing stakeholder data, CI analysts can rely on the automated methods developed in this study and redirect their efforts to other value-added tasks, thus saving their time and enhancing the overall analysis performance. Amidst growing research work on non-English Web searching and browsing (Chung, 2006; Chung et al., 2004) , analysing the relationships of multinational corporations (MNCs) with their multinational stakeholders should clarify a holistic picture of how they stand in the international arena. And this research provides the basic tools for practitioners to conduct such work. The resulting CI from stakeholders will serve to guide their global development strategies.
Conclusion and future directions
E-business stakeholder analysis has become an important function as e-commerce continues to proliferate in recent years. However, existing CI tools lack capability in network analysis and visualisation and research on related areas is sparse. This research explored the real-world impact of a methodology for developing CI tools for supporting e-business stakeholder analysis and visualisation. Based on the methodology, a CI tool was developed to support collecting, analysing, and visualising stakeholder Web pages and relationships. Results of an experiment involving both business practitioners and student users show that SNV significantly outperformed a traditional method of stakeholder analysis in terms of user satisfaction and SNV's effectiveness in clustering stakeholder information. This research thus contributes to developing a useful methodology for addressing the needs of e-business stakeholder analysis and to providing new empirical findings on comparing the tool with a traditional method of stakeholder analysis.
There are several limitations in this research. As a research prototype, SNV's functionality and stability are generally not as mature as other commercial tools and internet search engines. This explains why some subjects would like to see addition of search function to SNV. Besides, we are limited by the scarce prior work on CI research, especially on system design and evaluation. This prevented a more comprehensive review of the topic that possibly could offer better criteria for developing the methodology. The use of Google in identifying stakeholders limited the scope of data collection. Despite expert participation in Web page tagging, the knowledge for stakeholder classification was still limited and could have been better acquired had more experts participated in triangulating their views to improve the quality of tagging and to increase the company sample size for the study. As for the experimental evaluation, subjects' lack of prior experience using our tool might have limited the external validity of the results. Enlarging the sample of business practitioners could have increased the statistical confidence of the experimental results.
A number of interesting research issues remain to be addressed. With increasing activity of electronic commerce, businesses face challenges of managing customers who may come from any location in the world and have vastly different expectations. Developing approaches and systems that can properly collect and analyse information of existing and potential customers may help expand business opportunities. Also, stakeholder analysis systems that exploit partnership networks and properly summarise information can help devise competitive strategy. As information of different types of stakeholders is modelled and integrated into system design, traditional stakeholder theory can be studied and possibly revised to incorporate new information and relationships identified by new technologies. Research into the evaluation of new e-business CI tools would benefit e-business researchers and practitioners.
